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Commerce companies have experienced a rise in the number of parcels that need to be
delivered each day. The goal of this study is to provide a decision-making procedure to assist
carriers in taking a more significant role in selecting cost and risk-efficient truck-drone intermodal
delivery routing plan. The congestion-based model is developed to select the method of parcel
delivery utilizing a truck and a drone for optimizing cost and time. A study also has been conducted
to compare drone-only and truck-only delivery routing plan. The proposed A* Heuristic algorithm
and the OSRM application generate the travel path for drone and a truck along with the time of
travel. Case studies have been conducted by varying the weight provided to cost and risk variable,
studies indicate that there is a significant change in drone delivery travel time and cost with
increase of cost weightage.
Keywords: OSRM; Heuristic Algorithm; Traffic congestion; Unmanned aerial vehicles;
Drone delivery; Truck deliver
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CHAPTER I
INTRODUCTION
Traffic congestion is a significant issue worldwide in the modern world. Rapid
urbanization, the mass usage of automobiles, and traffic accidents are the leading causes of traffic
congestion The reasons for traffic congestions are varied. Road occurrences, including accidents,
construction work zones, road repairs, and maintenance tasks, are a few examples. Additionally,
unfavorable, and inclement weather conditions slow down transportation. The traffic flow is also
impacted by additional variables, including poor traffic signal timings and deteriorated road
conditions. Traffic congestion is a significant issue when too many vehicles on a network of
roadways can only carry so many [1].
E-commerce is one of the bright economic sectors. According to the U.S. Department of
Commerce Census Board, retail sales during the fourth quarter of 2015 were estimated at 89.1
billion dollars. The net revenue in 2015 increased by 15.7% from the prior year compared to 2014
[2]. It has been noted that e-commerce is expanding across the globe. For instance, this trend has
been seen in markets throughout Europe, Asia, and emerging countries like China and India. In
2016, it was projected that Germany alone generated 61,938.8 million dollars in income through
e-commerce. By 2016, it is anticipated that the total income made in the Asian market, including
China and India, will be 400,468.3 million US dollars and 18,547.2 million US dollars,
correspondingly. By 2020, it was predicted that e-commerce would hold a market share of
33,862.1 million U.S. dollars in India alone, growing at a 16.98% annual pace [3]. Logistics
1

companies are constantly looking for ways to reduce their carbon footprint in order to decrease
fuel costs and address climate change. This can significantly decrease the use of fossil fuels, save
money, and benefit the environment by integrating drones into the final stage of their supply chain
[4]. Even still, developing nations like India lack the infrastructure and logistics to facilitate this
industry's expansion, despite its enormous growth prospects.
Technology is still evolving. When it comes to online shopping, meal delivery, gift
purchases, grocery trips, and mailing business or personal products, consumers are relying more
and more on quick and dependable doorstep delivery. There is a sizable market for delivery
services to make the supply chain quick and effective; shipping, logistics, and online retail
companies are making significant investments. Until recently, "drones" were utilized mainly by
the military, but they have since entered the civilian world and daily life [5]. In many other fields,
including agriculture, the humanitarian and medical sectors, the inspection of facilities, the field
of mapping and surveying, and last but not least, the field of research, pilot experiments are
conducted to determine the viability of drones [6]. This indicates that drones will handle the more
and more, less heavy package deliveriesIn 2020, there were 15.05 billion deliveries made
worldwide [7] by truck. Many businesses, including Amazon, Google, UPS, and others, are
developing drone deliveries. Each one of them has stunning films that demonstrate how their
systems work[8]. These movies all feature drones delivering packages to farms or estates. Many
people live in apartments or condos in crowded urban regions worldwide. Statistics from the World
Bank show that urban life is currently the norm, and its share is gradually increasing [9]; 83% of
the United States population lives in urban areas. From the current studies[10], it is believed that
drones can drastically shorten delivery times and cut labor costs for both the drone makers and the
delivery process.On the other hand, a drone-based parcel delivery system is not efficient from an
2

energetic perspective, as a drone-based parcel delivery system requires more energy than a truckbased parcel delivery system, particularly in urban areas, where customer density is high, and truck
routes are relatively small [11] because the number of parcels carried at once will be more than
that of the drone carry capacity. Considering the above constraints of drone and truck delivery,
they have their own drawbacks and benefits in current technology. This model considers the
categories such as cost, truck traffic congestion, and drone travel risk to form an intermodal
delivery system that helps understand the optimal delivery route and modal choices of drone and
trucks.
This research is based on the conditions where a cube truck sized vehicle is used to deliver
the parcels to the customer in a one-hour window. This application can also be used in different
businesses such as medicine supply, food delivery or any other local delivery purposes, but they
use SUV or Minivan for the delivery purpose. Cost per mile value for using SUV or a Minivan is
little cheaper than the use of Cube truck. Variation in the cost of delivery also discussed in this
module.
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CHAPTER II
LITERATURE REVIEW
There is much research on drone delivery and hybrid truck-drone delivery methods which
use various kinds of optimization algorithms such as U-shape, Nested VRP, TDRA etc. This
chapter discusses the papers which had conducted studies on impacts of drone-only delivery
method, comparison with other mode of delivery such as motorcycle, truck, bicycle, and methods
to pair both truck and drone for the last mile delivery. The following table represents the summary
of the papers referred in this research.

Table 1
Objective

Literature review summarization

Optimized
and
statistical
Variables
Provide a
6% increase
Framework to in delivery
determine the volumes in
traffic demand 2017 from
for express
2016
in
drone-package Germany,
delivery [12]. UK
and
France.
The
estimated
delivery cost
per meal by
drone and ebike is 0.44 €
and 2.02€.

Solution
Algorithms

Case studies and
characteristics

Comparison to our
model

Four levels of
U-Shape
Method (U1,
U2, U3 and
U4)

Hourly traffic
densities
culminating from
express package
and fast-food meal
delivery drones will
exceed commercial
aircraft traffic of
10,000 per day by
more than six-fold
for just one major
urban city.

This model focuses
on estimating
airspace traffic
density if the drone
delivery demand
increases. It also
compares e-bike
delivery with drone
delivery, whereas we
compare it with truck
delivery and provide
the optimized travel
sequence for parcel
delivery.
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Table 1 (continued)
Objective

Optimized
and
statistical
Variables
Evaluating the Using
the
environmental TOTAL
impacts and
software, the
improvements GWP
was
of drone
calculated for
delivery
1 km traveled
versus
by drone and
motorcycle
motorcycle
delivery in
was 4.41 ×
urban and
10−3 kg CO2rural areas
eq. and 2.85
[13].
×
10−2 kg
CO2-eq.
Address the
NA
routing and
coordination
of a dronetruck pairing
where drones
perform
delivery and
return to the
truck for
battery swap
[14].

Solution
Algorithms

Case studies and
characteristics

Comparison to our
model

Utilized LCA
(Life Cycle
Analysis) to
evaluate the
environmental
impact. It has
four stages

The results showed
that global warming
potential (GWP)
per 1 km delivery
by drone was onesixth that of
motorcycle
delivery, and the
particulates
produced by drone
delivery were half
that of motorcycle
delivery.
The Nested VRP
produces the
optimized solution
for the drone
routing and pairing
with the Truck for a
battery swap. In
addition, a
proposed NS
Heuristic approach
will help when
Gurobi
optimization fails.

This model compares
the environmental
effects of using
drones and
motorcycles, whereas
we compare truck
and drones and
provide truck-drone
intermodal routing
sequences.

The NestedVRP is
precisely
described and
presented as a
MIQCP
program inside
this work

5

Even though this
method has the
routing generation
and Truck Drone
paring objective, it
has not considered
the cost and risk
variable that might
impact their drone
usage.

Table 1 (continued)
Objective

Goal to divide
up the parcels
between the
UAVs and
trucks while
maximizing
the order of
delivery on
the vehicle's
and UAVs'
routes [15].

The main
objective is to
provide a
strategy to
coordinate a
truck and a
fleet of drones
to deliver to a
given set of
customers
[16].

Optimized
and
statistical
Variables
NA

Identify the
locations
where a truck
can park and
deploy
drones
for
Last
Mile
Delivery
(LMD).
A
plan to locate
the parking
lot for this
task
is
presented in
the paper.

Solution
Algorithms

Case studies and
characteristics

Comparison to our
model

Proposed a
Truck and
Drone Routing
Algorithm (TD
RA),
formulated the
problem as a
Mixed-Integer
Linear
Programming
(MILP) model
and conducted
a bound
analysis.
A MILP
formulation is
proposed to
minimize the
makespan of
serving all the
customers. The
proposed
GRASP
metaheuristic
solves the
instances of
great size

When TDRA
algorithm is applied
to adopted problem
instances from the
literature and
comparing it with
the TRP reveals
that the proposed
system can reduce
customer waiting
time in the system
by up to 46.8%
when
using 2 UAVs
Results indicate
that GRASP got
solutions over 10%
better than CPLEX,
while the worst
outcome for
GRASP had a gap
of only 3.7%, and
in most cases,
TSPDP produces
more reliable
solutions than
FSTSP.

TRDA algorithm tries
to solve STRPD
where risk and cost
variables are not
considered. Drone
travel routing is also
a main aspect to
consider which we
have done in our
project.
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Finding a parking lot
for a truck to deploy
a fleet of drones is
the main objective
where it does not
consider any routing
algorithm or
procedure for a drone
to reach customers.

Table 1 (continued)
Objective

This study
examines a
last-mile
distribution
mechanism
that pairs a
delivering
vehicle with
an unmanned
drone aircraft
to complete
deliveries
[17].
Truck drone
combinational
optimized
delivery
problem
which
minimizes
customer
delivery time
[18].

Optimized
and
statistical
Variables
Drone
delivers
farther
customers
and trucks to
the closest
customers.

Solution
Algorithms

Case studies and
characteristics

Comparison to our
model

A Heuristic
solution
approach is
proposed to
solve three
subproblems.

Drones are incapable
of flying long
distances, and these
drones follow a
straight line for
traveling to a
customer, which
might not be feasible
in the real world as
few areas restrict
flying drones.

NA

Metaheuristic
Algorithms are
used to solve
the problem
which are
adaptive and
intelligent
algorithms that
have proved
their success in
many similar
problems

The analysis
quantifies the
potential time
savings associated
with employing
multiple UAVs.
However, the
analysis also
reveals that
additional UAVs
may have
diminishing
marginal returns.
Non-parametric
statistical tests
concluded that the
proposed approach
has comparable
performance to the
rival algorithms
NP-hard in terms of
tour duration, also
it has better or
similar performance
in instances where
the drone and truck
have the same
speed

7

Meta Heuristic
algorithm proposed
by this paper
produces a good
solution for truckdrone interaction, but
drones fly in a
straight line to deliver
parcels which might
not be an ideal
solution

Table 1 (continued)
Objective

Optimized
and
statistical
Variables
A new variant The
truck
of the twoacts as a
echelon
parcel
routing
delivery tool
problem is
and a moving
investigated to depot for the
produce a
drone. The
cost-saving
drone
can
strategy for
carry several
the truck
parcels and
drone hybrid
take off from
delivery
the
truck
problem [19]. while
returning to
the
truck
after
completing
the delivery.
The author
NA
aims to
introduce a
method
named “en
route” which
can pick up or
depot drones
from nodes or
customer
locations and
on the way
route [20].

Solution
Algorithms

Case studies and
characteristics

Comparison to our
model

The simulated
annealing
algorithm is
used to
improve the
quality of the
solution. In
addition, to
improve search
efficiency, a
Tabu list is
employed.

Costs of the
improved solution
presented by SA
decreased from
13.47% to 57.14%
compared to the
initial solutions'
costs by HH. With
the drone
introduced, the final
costs obtained by
SA for the truckdrone delivery
mode decreased
from 20.92% to
65.63% compared
to the costs of the
truck-only mode
The proposed
heuristic with en
route operations
outperformed the
greedy heuristic for
all the considered
indicators.
However, regarding
savings over TSP
solution, the en
route operations
seem less useful
when the drone is
faster than the
truck.

This paper used a
couple of algorithms
to compare truckonly and truck-drone
scenarios. In contrast,
the drone-only
scenario has not been
studied even though
it is considered that a
drone can carry
multiple parcels.

The authors
tested the
proposed
heuristic on
benchmark
instances and
analyzed the
benefits
introduced
with the en
route approach
.
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This method talked
about the en route
process, which gives
great insight into how
to pick drones
without wasting time
waiting for it.
Anyway, the route
that the drone takes is
a straight line.

Table 1 (continued)
Objective

Optimized
and
statistical
Variables
A
The routing
comparative
problem is
analysis using mathematical
three
ly formulated
synchronized to
make
truck-drone
maximum
delivery
possible
models for
savings than
parcel
truck
only
delivery [21]. routs
Reduce the
Several cost
Transportation functions are
time of truck
used for the
drone delivery extension of
system [22].
combinatoria
l
optimization
problems
Finding an
Shifts
effective
weights that
delivery route move
the
for trucks
center
of
carrying
clusters
drones [23].

Solution
Algorithms

Case studies and
characteristics

Comparison to our
model

Realistic case
studies and
problem
instances are
evaluated
using (TDRA).

Numerical and the
Case study analysis
results indicate that
the higher level of
synchronization
considerably leads
to a 60% reduction
in customer waiting
time.

The drone path was
not based on any
constraints such as
risk or cost.
Therefore, this study
has no decision
variable for choosing
a drone or truck.

New Greedy
heuristic with
new cost
function to
include the
flying time of
drones

Experiments of two
large area Traveling
Salesman Problem
instances displayed
significant time
savings

Truck travel time and
congestion are not
referred in this model
to compare the truck
drone travel time.

Nonlinear
programming
model, kmeans
clustering, and
TSP

Thirty delivery
locations and 30
iterations for both
M-shift and Mcluster resulted in
M-shift model is
effective.
This table contains the summary of each research paper referred to.

The truck travels to a
launch location to
deploy drones,
whereas the drone
path is straight from
the launch location to
the customer.

Due to increased market demands, there is heavy attention to using autonomous unmanned
aerial vehicles to provide last-mile shipment of small quick goods and fast-food entrees in urban
areas. In this paper written by Malik. D, Joost. E et al., [12] a methodology has been established
to assess the traffic requirement for express drone-based delivering packages in five European
countries. A complete case study is also provided for evaluating the traffic density of express
package drone delivery for the Paris metropolitan region to assess the practicality from a user's
9

perspective. The research also discusses the advantages of fast-food meal delivery drones in Paris
over traditional delivery techniques. According to the findings, the 10,000 commercial aircraft that
currently fly worldwide every day will be outnumbered by a factor of more than six in just one
potential metropolitan city's hourly traffic density by express package and fast-food meal delivery
drones. According to the idea, using a fleet of drones to transport meals would be quite profitable.
Commercial drone delivery cannot be realized without a dependable airspace control system that
can handle such traffic levels.
Drones are getting more attention in the current world for various reasons, in which
environmental benefits are one of the major aspects. J.Park S. Kim and K. Suh [13] have conducted
research to examine the anticipated environmental benefits associated with drone delivery in urban
and regional regions to determine the ecological advantages over motorbike distribution. Life cycle
Analysis (LCA) is used in this research to quantify various environmental impacts. The possible
ecological advantages of electric motorcycles were also evaluated to identify the effects of
introducing this novel type of vehicle. This research revealed that the risk of global warming from
motorbike shipments was one-sixth that from drone distributions, and the number of particles
generated by drone shipping was also examined. Furthermore, when the delivery distance was
taken into consideration, rural areas had a Thirteen times higher actual environmental effect
reduction than urban locations. The environmental benefits of a drone delivery system could be
further improved by increasing the usage of green electrical sources like solar and wind power.
This essay investigates the significance of considering congestion costs when planning
shipping routes. Over the assessment of 2 training locations, four distinct scenarios—Euclidean
distances, spatial relationship, real-time by means of stable traffic, and real-time with dynamical
traffic delays- were performed and compared. The information was gathered through Google
10

Maps, which gives authors access to real-time traffic updates. The results show that the most
effective way to enhance distribution, particularly in metropolitan regions, is to minimize realtime while considering congestion as a dynamic quality that changes during the day. Time savings
of up to 11% have been attained for the two study locations utilizing this dynamic approach
incorporates the vehicle routing problem with real-time congestion costs. This means that failing
to consider congestion while determining the best delivery routes would result in inefficient
outcomes that raise the price of logistical operations and, consequently, the costs of the finished
goods [24].
One of the main obstacles to drone delivery is the capacity to accommodate heavy drone
activity in an urban area. It has been demonstrated that traffic segmentation and alignment can be
employed to reduce conflict likelihood for uncontrolled airspace. The current inquiry focuses on
how these concepts might be applied to a very constrained airspace. The two urban airspace
conceptions presented used centralized structures and two-way and one-way highway analogs
from the perspective of roads. Timing simulation investigations are used to relate and assess the
effectiveness of these airspace principles for various securities, sustainability, and effectiveness of
traffic demands intensities. The results demonstrate that height constraints placed on the flow of
traffic and vertically divided height range about traveling path were optimal methods to structure
drone traffic in a constrained significant city. In order to support dynamic traffic demand patterns,
the report also offers suggestions for new research fields. Additional conflict characteristics are
also essential to examine, including where disputes start and terminate and the nature of the
conflicts. Take-off and landing phases were not considered to lessen the simulations' complexity
[25].
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Paper by F.Zeng, Z. Chen et al. [14] address the routing and coordination of a drone-truck
pairing where drones perform their assigned tasks and get back to the truck for a battery swap.
This is referred as a Nested-VRP (Vehicle Routing Problem) which is precisely described and
presented as a MIQCP (Mixed Integer Quadratically Constrained Programming) program.

In

order to reduce the overall operation period of truck-drone pairing, this system may determine the
optimal trade-off between the drone's traveling path and switch tasks along the approach. It has
been shown that improving the Nested-VRP model with interpolation and restriction augmentation
approaches can speed up the calculation required to reach the ideal method. However, the
complexity of the issue is enormous. Nevertheless, studies on small, large, and actual cases have
proven that the suggested method can achieve relatively decent outcomes while consuming
significantly shorter run times than the MIP (Mixed Integer Program) precise technique. In
scenarios where the Gurobi Optimizer fails to solve the Nested-VRP, they propose an NS heuristic
approach based on destruction and local reconstruction principles.
A mathematical formulation and a heuristic solution approach have been developed by M.
Moshref-Javadi, A. Hemmati et al., [15] for delivery route planning, combining truck
and Unmanned Aerial Vehicle (UAV) operations to reduce customer wait time. In order to
transport items to clients, this issue takes into account a single vehicle that can deploy a number
of UAVs. The truck's motions and activities were coordinated to enable UAVs to restore to the
truck at customer premises within their permitted flight time limitation. Truck and Drone Routing
Algorithm (TDRA) has been proposed to execute this real-world delivery process to achieve their
goal of dividing up the parcel customers between the UAVs as well as the trucks while also
maximizing the order of delivery on the vehicles and UAVs' routes. This makes the trucks not wait
for the UAVs to arrive at the launch site. In addition, while typical urban distribution networks
12

could employ numerous vehicles to meet all requests in a metropolis, they simply take into
consideration a single vehicle in the research. Therefore, several Unmanned aerial fleets are not
implemented in this work.
A optimization process for coordinating a tuck and a fleet of drones to fulfill a particular
group of consumers is suggested in this paper by J. Gomez- Lagos, A. Candia-Vejar, et al., [16].
The article suggested a quick and efficient grouping algorithm, along with a procedure to find a
parking lot for truck to deploy a fleet of drones for LMD (Last Mile Delivery). The case studies'
results indicate that the proposed method can improve the final output when considering truckonly deliveries. Additionally, they proposed a GRASP (Greedy Randomized Adaptive Search
Procedure) metaheuristic, which solves the instances of grate size (10). This paper also compares
different procedures, which considered FSTSP, TSPDP, CPLEX, and GRASP modules. Results
indicate that GRASP got solutions over 10% better than CPLEX, while the worst outcome for
GRASP had a gap of only 3.7%, and in most cases, TSPDP produces more reliable solutions than
FSTSP.
A power usage framework for UAVs is put out in this study to illustrate how much
electricity is required for unmanned aerial vehicle shipments in terms of the surroundings and
flying patterns. The framework is employed to estimate the power needs of a static delivery service
system that runs out of a warehouse and supports a particular client. Drones' power requirement is
contrasted to the energy needs of diesel and electric trucks operating out of the same terminal and
supplying the very same clients. The analyses presented in this study reveal that using drones to
deliver packages has several drawbacks concerning power efficiency. Due to their inadequate
power generation when hovering, multicopter parcel delivery drones—which are made to travel
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great distances—have a severe impact on a drone's operating range. Even short hovering periods
cause significant power needs [13].
A study examines a last-mile distribution mechanism that pairs a delivering vehicle, such
as truck, with an unmanned drone aircraft to complete deliveries. Consumers who are farther away
from the station can receive drone-based shipments by releasing UAVs from the vehicle. The
initial formulation of the issue is a mixed-integer linear program (MILP). The MILP can only be
used to immediately resolve trivially sized issues due to the computing difficulty of the issue. The
resolution of a series of three subproblems using a heuristic technique is thus suggested. Numerous
numerical tests show that this method successfully resolves issues of realistic scale in manageable
implementations. The analysis quantifies the potential time savings associated with employing
multiple UAVs. The analysis also reveals that additional UAVs may have diminishing marginal
returns. These durability estimates may produce solutions that are not practicable since they do not
take velocity and package weight into consideration when calculating UAV power usage [26].
This study by S. AlMuhaideb, T. Alhussan et al. [18] deals with the TSP-D, a variation of
the traveling salesman problem in drone-based delivery systems. A Truck and a UAV combine to
distribute packages to clients as part of the TSP-D, a stochastic optimization problem, with the
goal of reducing the overall delivery schedule. The magnitude of the problem that can be solved
optimally is limited with NP-hard optimization. In order to resolve the issue, Meta - heuristic
algorithms are employed. The suggested method was evaluated on 200 cases from the publicly
accessible "Instances of TSP with Drone" benchmarks having various attributes. Their proposed
algorithm is compared with two state-of-the-art algorithms: LS (Local Search) and HGVNS
(Hybrid General Variable Neighborhood Search). Overall, the proposed approach was found to
have a performance comparable to those of the two rival algorithms.
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A new variant, the two-echelon routing problem, is investigated by Y. Liu, J. Shi et al.,
[17] where truck and drone coordinates with each other to deliver parcels to customers. They
considered that a drone could carry multiple parcels at once. The energy consumption was also
analyzed while they performed the delivery. In order to optimize truck main routes and drones
adjoint flying routes, a two-stage route-based modeling approach was proposed, and a hybrid
heuristic and cost-saving strategy have been developed to construct a reliable solution. In order to
obtain a more accurate solution, the dynamic feature selection method is also carried out with
deletion operations and inserting operators at each loop. Future studies must also build more
effective techniques because of the difficulty of optimizing the two-echelon pathways.
This article analyses the difficulties and limitations existing currently due to the high rise
of building heights in last-mile delivery methods, and suggests a method named “ThreeDimensional Dynamic Drone Delivery” (3D4) to fill those gaps. The suggested system's main
benefits include, (1) effective vertical delivery that can be made to a person's door at an elevated
tower's windows or underground of the building. (2) Customizable addressing delivery could be
possible to every location including the front entrance, backyard, campground, and parking
structure depending on signal availability. (3) Safe and secure delivery of goods - as the 3D4
platform will grant the user required access, this will lessen the likelihood of package theft. (4)
Fast shipping services, requiring less effort to pick up the goods, and client pleasure. Non - contact
distribution is currently the more desirable method in the pandemic wave age, and the proposed
3D4 system is contactless. The suggested 3D4 framework provides several benefits but still
requires improvement for superior use [27].
Most of the research which considered truck drone interaction as the main objective used
nodes or customer locations as a drone's depot or pickup points. This paper, written by M.
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Marinelli, L. Caggiami, et al., [20] conducted so-called "en route operations," which involve
collecting a drone from any route. They created a greedy heuristic, premised on the GRASP
(Greedy Randomized Adaptive Search Procedure) and updated to include the waiting time in the
cost function to address the issue with en route activities. As a result, the process for creating the
operations list included the transit activities. They used the heuristic algorithm on 90 benchmark
examples that were created in realistic settings to assess the results of the suggested strategy. There
had been outcomes in terms of battery savings, long waits savings, and cash reserves over the TSP
(Traveling salesman Problem) approach. A static simulation that considers en route processes in
urban congestion pathways could initially be created. Furthermore, the authors thought of carrying
out these activities even when the vehicle is traveling in crowded arcs. By doing this, authors could
get around traffic jams and drastically cut down on overall transportation expenses. However, this
presumption may negatively affect drone utilization and coverage restrictions.
A comparative analysis has been made by M. Mosher, A. Hemmati, et al. [21] using three
synchronized truck-drone delivery models for parcel delivery, where the truck launches the drone
for the purpose of delivery and returns to the truck. The routing problem is mathematically
formulated to prove the maximum possible saving that other models can obtain compared to the
truck-only routes. Two sets of realistic case studies and four sets of problem instances are evaluated
using the Truck and Drone Routing Algorithm (TDRA). Numerical and the Case study analysis
results indicate that the higher level of synchronization considerably leads to a 60% reduction in
customer waiting time compared to truck-only delivery. This reduction in customer waiting times
highly depends on the parameters of the models, including, the number of UAVs, UAV to truck
speed ratio, UAV flight time limit, and UAV service time.

16

A new greedy heuristic approach for FSTSP (Flying Sidekick Traveling Salesman
Problem) has been proposed by Gloria C, and Elena N [22] for reducing the transportation time
of truck drone delivery system, where drones and several cost functions were used for the extension
of combinatorial optimization problems such as the Traveling salesman problem and Vehicle
routing problem. Experiments considering several parameters along with the flying time of drones
resulted in major time savings with the traveling salesman problem compared to other similar
approaches such as TSP and VRP.
A new approach on nonlinear programming model named M-shift has been proposed by
Yong S.c, and Hyun J.L [23] for finding the optimal delivery route for carrying drones, which
moves the center of clusters for high ranger drone delivery area and small truck route after
Traveling Salesman Problem and K-means clustering. Furthermore, a comparison between two
scenarios, one without shift-weights and the other without k-means clustering, has been made to
validate the proposed approach's effectiveness, resulting in the proposed M-shift producing an
effective delivery method that reduces delivery time.
The real time traffic based VRPs are studies by W. Ou, B. Sun [28], they formulated a
mathematic model and proposed a dynamic programming algorithm based on chaos optimization
to introduce routing calculating module. Through analysis for the performance, It is concluded
that the proposed DPA is a feasible and efficient algorithm when dealing with the cases of initial
state, road damage and road congested.
Dynamic vehicle routing problem (DVRP) is one of the major variants of Vehicle routing
problem (VRP) and it is closer to the similar to the real-world logistic scenarios. In DVRP, the
demand of the customers showcases with the time, and the unvisited customers points must be
updated and rearranged while utilizing the programming path. To ease this complexity, a paper by
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H. Xu [29] provided two major contribution towards solving DVRP. Firstly, DVRP is solved with
improved Ant Colony Optimization (E-ACO), which is the traditional Ant Colony Optimization
(ACO) fusion enhanced K-means and crossover operation. Secondly, various evaluation
benchmarks were proposed, which can thoroughly estimate the proposed method.
In Summary, a good number of research papers considered drone delivery significance and
requirements to achieve intermodal truck drone delivery process with various algorithms such as
GRASP, TSPDP, Meta heuristic etc. All these algorithms and mathematical model tries to find a
way to interact between drone and truck when they are out for parcel delivery, but drone travel
path generation and calculating its travel cost and time was not the focus. This project overcame
that drawback by generating a travel path for drones along weight function by avoiding restricted
no-fly areas. Additionally, risk of drone travel and traffic jams that truck drivers can experience
while traveling to customers locations is also considered to evaluate the best way to use intermodal
truck drone delivery optimization.
Table 2

Acronyms and their full forms

LCA
Life Cycle Analysis
VRP
Vehicle Routing Problem
MIQCP
Mixed Integer Quadratically Constrained Programming
MIP
Mixed Integer Program
TDRA
Truck and Drone Routing Algorithm
LMD
Last Mile Delivery
GRASP
Greedy Randomized Adaptive Search Procedure
FSTSP
Flying Sidekick Traveling Salesman Problem
TSPDP
Traveling salesman problem with drone and parking
CPLEX
Optimization Software Package developed by IBM
MILP
Mixed Integer Linear Program
TSP-D
Traveling Salesman Problem Delivery
OSRM
Open Street Routing Map
First column of this tables contains the acronyms, and the following column describes the full
form. These are the generally used terminology in Vehicle routing problems.
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CHAPTER III
PROBLEM STATEMENT
Generally, the traditional truck ground delivery method has been criticized for many
reasons, where delay in delivery and Co2 emission[30] are a few major aspects. There is lot of
research going on to find other methods to overcome these issues; this is one of the reason where
drones come into the picture. Drones need minimal maintenance than conventional commercial
vehicles like trucks and vans, and they reduce labor expenses while making deliveries
automatically. Due to the fact that drones are not constrained by existing infrastructure, such as
roadways, they frequently encounter simpler barrier circumstances; delivery using drones could
be quicker than deliveries with conventional delivery trucks[10]. On the contrary, automobile kind
restrictions are put into place in many large cities due to extreme traffic congestion and air
pollution from vehicular emissions. Throughout specific times of the year, certain routes are offlimits to delivery trucks. Additionally, only one lane may be accessible on some roads when they
are being maintained, requiring traffic moving in opposite ways to take turns moving at relatively
slower speeds. However, in a few scenarios where the population density and parcel demand are
high with less ground travel, trucks are more cost and energy efficient than drones because a truck
can carry multiple parcels at once [11].
The principal issues that modern society is addressing with delivering are:
•

Congestion

•

Delivery Time
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•

Delivery Cost

•

Labor
Use of intermodal delivery method or drone delivery method can significantly reduce the

truck travel density and reduces the traffic congestion. Drones have very minimal limitations
regarding the travel speed, and they can travel with same speed constantly without interruption
which makes the delivery time by drone to be less than the trucks. A single person can handle
multiple drones, which helps reduce the labor work and the cost per mile value for drones are
cheaper than the trucks which are discussed in next chapter.
Benefits of the proposed module:
•

Could lower the cost

•

Hectic traffic

•

Time

•

Reduced Staffing
According to the existing research, it is unclear about which mode of parcel delivery is

cost-efficient. To overcome this confusion, a comparison has to be made to differentiate the
methods, and combination of truck and drone delivery that can be any profitable. The rest of the
chapters describe the methods followed and result achieved regarding traditional truck and drone
delivery systems and provide the optimal delivery routing sequence.
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CHAPTER IV
METHODOLOGY
This section contains the method used to collect the data and the assumption made to
evaluate the intermodal delivery routing problem with both Truck and Drone. Most of the methods
mentioned in this section are accessible to the public, but few databases require a paid subscription
to extract the data needed for this research.

Figure 1

Methodology Flowchart

This flowchart represents the step-by-step process for collecting data related to truck delivery
and drone delivery.
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The flowchart shown in Figure 1 demonstrates the methodology used to generate the
optimized Truck and Drone delivery operations. Brief details of every step mentioned in Figure 1
are provided in this chapter. At the end of this chapter, the implementation and results of truckonly and drone-only delivery routing systems are generated. Using this, the intermodal truck drone
delivery routing plan is developed. A few assumptions in case studies are made to reduce the
computation time and get the real-world practical solutions mentioned in Table 3 below.

Table 3

Assumption for Truck Drone delivery process

Number of Warehouse
1
Number of Customers
6 (Can use more)
Drone
Quadcopter
Truck
Mid-Size Delivery Truck
Truck Travel route
OpenStreet Map Route
Drone Travel path
Weighted Travel Route (avoids restricted areas)
Number of Drones per Truck
1
Cost Weight + Risk Weight
1 (100%)
This table contains the information related to the assumption that are made for both truck and
drone delivery process to generate optimal delivery routing plan.
According to the article produced by WEIRD [31], on average, a USPS driver delivers 120
parcels per day; assuming a driver works for 8 hours, it can be said that a driver makes 15 deliveries
per hour. When 15 locations are considered, 210 combinations of links can be produced between
locations. On average, approximately every link has more than 100 coordinates when a routing
path is produced using the OSRM application. The whole data contains 21,000 data points to
analyze traffic congestion using the
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HERE application. It required a lot of computational capacity as well as time to extract that
heavy data for the analysis. Additionally, generating a drone route for every 210 links using the
proposed A* Heuristic algorithms required a lot of time to execute the program. Considering all
those constraints, 6 locations are chosen as a reasonable number of customers to lessen the
computation's complexity and make it practical for a drone-only delivery system when considering
the medicine or mail delivery process[32].
Truck Delivery
Most parts of the world use traditional ground delivery operations, commercial parcel
delivery company use large or small trucks to deliver mail and parcels for last-mile delivery,
leading to high fuel consumption, pollution, and labor charges. Therefore, modal choice in delivery
system should be developed to reduce the cost, alleviate traffic, and reduce emissions, it requires
data related to local logistics and traffic data; extraction of data related to this is demonstrated in
this section.
Ground Delivery Node to Node Path
Any vehicle routing problem (VPR) will require travel cost from any node to any another
node. The nodes include any warehouse node or delivery addresses. The first step of the cost
acquisition is to find out the path from one node to another.
Trucks are used as a traditional delivery method to deliver a parcel from the warehouse to
customers. OSRM API helps to collect truck route path coordinates between a pair of nodes
(Warehouse to customer and customer to customer) which we refer as a link. The implementation
of the OSRM application is shown in Figure 2. Openstreet map servers are used by the OSRM
application to export the GCS (Geographic Coordinate System) coordinates of the path for every
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link. A clear explanation of the usage of the OSRM application for the extraction of data such as
path, directions, and ETA (Estimated Time or Arriver) in JSON file format is provided on the
OSRM webpage [33]. This webpage contains various command lines depending on the
programming language user likes to implement. In this paper, we have developed a Matlab script
shown in Figure 3 for implementing the OSRM application. Various kinds of outputs can be
expected depending on the commands, and URL format chosen, such as intersection details, turn
direction information etc., whenever the changes in the URL are made, as shown in the left column
of Figure 2.

Figure 2

OSRM API Implementation Details

OSRM provide various option which helps in extracting different kind of traffic information, this
figure shows those various implementations.
The following code shown in Figure 3 describes the OSRM application's usage in Matlab
to connect with its server and extract the required data. First, node locations are stored in an excel
sheet and imported into the script to extract the path for each possible link that can be formed with
the locations provided in the sheet. In this research, we used 7 locations, including warehouse and
customers, which brings us 42 combinations of links.
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Figure 3

OSRM Application in Matlab

This figure represents the matlab script which implemented the OSRM application to extract the
travel routes for truck.
The raw data extracted in JSON format will be segregated and saved in an excel sheet, as
shown in Figure 4. Column 1 and 2 represents the identification number of the start and end
location. Each location is given a unique id number, where “0” represents warehouse, and the rest
are customer id numbers. The following four columns represent their GPS coordinates; the
following couple of columns are the coordinates of the path that trucks take to travel from location
“0” to “1”. The final column is the estimated time a truck can reach the location, which is also
extracted from the OSRM application.
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Figure 4

Path Coordinates Format

When the Matlab script is implemented, the data related to truck travel routes are extracted in a
way shown in this figure.
Traffic Congestion Index
The traffic congestion index is also a main aspect of the research to understand the traffic
flow congestion in the truck travel route for each link. Even though the congestion shown by online
platforms such as google or apple maps is estimated accurately and provides ETA accordingly,
sometimes minor congestion leads to a massive traffic jam, and the estimated arrival time can be
changed. Considering these kind of situations, it is significant to observe the traffic jam while
making a travel route. The live traffic data can be accessed using HERE API, which is a paid
subscription. The implementation description of this application is shown in Figure 5, and
complete documentation of the application can be found in the HERE API webpage [34].

22

Figure 5

HERE API Implementation

This figure represents the implementation of HERE application for extracting the traffic jam
factory.
This application requires at least three GPS coordinates which work as a bounding box at
a specific location as shown in Figure 6. It retrieves the traffic data such as Free Flow speed,
Speed Limit, Traffic Jam Factor, and Confidence Number.

Figure 6

Bounding Box Implementation

To extract the traffic jam at specific area, HERE api requires a bounding box coordinate.
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The green circle shown in Figure 6 is one of the paths coordinates collected from the OSRM
application. Four black circles represent the boundary coordinates of the bounding box. The HERE
application extracts the traffic data in that bounding box area. This method must be implemented
for every coordinate collected for the truck travel path to study the traffic congestion of their route.
As the coordinate format collected from OSRM is latitude and longitude, let us consider
them as (x, y). Coordinates of the Bounding Box = {(x, y+0.003), (x, y-0.003), (x+0.003, y), (x0.003, y)}, using this format, a bounding box is created to get the traffic congestion index at the
specified coordinate.
Variables that can be collected using HERE API are
"CN" = Confidence, an indication of how the speed was determined. -1.0 road closed. 1.0=100%
0.7-100% Historical Usually a value between 0.7 and 1.0
"FF" = The free flow speed on this stretch of road.
"JF" = The number between 0.0 and 10.0 indicates the expected travel quality. When there is a
road closure, the Jam Factor will be 10. As the number approaches 10.0, the quality of travel is
getting worse. In situations where traffic jams cannot be calculated, it indicates -1.0
"SP" = Speed (based on UNITS) capped by the speed limit
"SU" = Speed (based on UNITS) not capped by the speed limit
A python script that uses the HERE API has been developed, as shown in Figure 7. It uses
three inputs. One of them is the HERE API URL which is pointed by a red arrow, the second input
is the coordinates which are extracted using the OSRM application for the truck delivery route of
each link, and the third input is the API key which will be provided when the HERE subscription
is purchased, it is pointed with a blue arrow, this key is essential to access the data from HERE
servers.
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Figure 7

Python script of HERE API Implementation

This figure represents the python script of HERE API for extracting the traffic jam factor.
The main motive for using the HERE application is to collect information related to
traffic congestion; the data extracted has the traffic jam factor, which indicates how blocked the
roads are for ground travel. As the data collected from OSRM are in GPS format, we have a
traffic jam factor at each coordinate, as shown in Figure 8.
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Figure 8

Traffic Jam at Truck Delivery Path

After the implementation of the python script, traffic jam at each coordinates is generated.
Cost per Mile Analysis
Every delivery company aims to use cost-effective ways to supply parcels to the customers
and gain most of the profit through the business. Therefore, the cost of each delivery helps to
understand the amount of money required to do a job and what kind of logistics help reduce the
delivery cost. Hence, it is significant to calculate expenditure to compare with other methods of
the delivery process. In this research, we have used the cost-per-mile variable to calculate the
delivery cost. A lot of variables need to be considered to calculate how much it costs to deliver a
package using trucks, such as Labor cost, Insurance, Fuel consumption, and Maintenance etc. A
few articles have detailed information about the fixed cost per mile [35] and Unit Cost per mile
[36] for truck delivery, as shown In Table 4 and Table 5. Low-range values represent each
variable's cost for using small trucks such as cube trucks, which Amazon, USPS uses for last-mile
delivery.
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Table 4

Truck Delivery Unit Cost per Mile

Type of Expense

Low Range

High Range

Driver Compensation

$0.48 per mile

$0.83 per mile

Fuel

$0.40 per mile

$0.55 per mile

Equipment Financing

$0.00 per mile

$0.40 per mile

Maintenance

$0.09 per mile

$0.40 per mile

Insurance

$0.06 per mile

$0.18 per mile

Variable Driving Expenses

$0.01 per mile

$0.09 per mile

Non-Driver Compensation

$0.06 per mile

$0.30 per mile

Fixed Overhead

$0.06 per mile

$0.30 per mile

Total

$1.16 per mile

$3.05 per mile

Unit cost per miles variables is represented in this figure at cost per mile rate.
Table 5

Truck Delivery Fixed Cost per Mile

Description
Total cost to purchase, prep and deliver the
cube truck to our warehouse

Variables
$42,800

Expected number of miles the unit will last
assuming normal driving

170,000

Cost per mile to have the physical unit
available
Total interest paid in the accounting period
(one year)

25.18 cents/mile

Expected number of miles driven in the
accounting period

18,000

Cost per mile for interest to service the debt
on the purchase loan

10.31 cents/mile

Cost of the insurance policy for one year

$3,100

Expected number of miles of use

18000

Cost per mile
Totals
Purchase price (sunk cost)

17.22 cents/mile
Dollars/Mile
0.2518

$1,856
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Table 5 (continued)
Description
Interest on the purchase debt

Variables
0.1031

Insurance (annual policy)
Licenses, taxes & compliance

0.1722
0.0378

Total Fixed Costs Per Mile

0.5649

Fixed cost per miles variables is represented in this figure at cost per mile rate.
The cost and average traffic jam factor for each travel link are calculated using the above
values. The cost per mile for truck delivery which is used in this research is $1.725. This value is
calculated by considering the low range unit cost and the fixed cost mentioned above because we
assumed that a small-size truck would be used as our last-mile delivery vehicle.

Truck Delivery Cost per mile = Low Range Unit Cost + Total Fixed Cost

(1)

From an article by Paul Mallory [37], on average, six deliveries are made in one hour by
door dash, but most of the time, the vehicle which is used in this scenario is an SUV or a minivan.
Therefore the cost per mile value will be different from the considered value. According to the
cost-per-mile driving formula provided in the article [38], it costs approximately $1.3 per mile to
drive an SUV or a minivan, considering the miles per gallon capacity is 15, the cost of a vehicle is
$50,000, and the cost of gas per gallon is $3. This is 24.63% cheaper than a cube truck's delivery
cost per mile. By this, it can be said that any delivery made by a small truck such as cube truck
costs $1.725 per mile, and the use of SUV for delivering any kind of parcels costs $1.3 per mile.
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Drone Delivery
This section contains the method to extract data related to drone delivery which helps to
calculate the risk and cost of delivering parcels to customers from the warehouse. Variables such
as restricted areas, cost per mile, and risk parameters extraction is clearly discussed in this chapter
along with proposed algorithm and logic used to generate each link's drone routes and choose an
optimal delivery routing plan.
Restricted Areas
Even though drones have the freedom to fly over households and traffic lanes etc., some
restricted areas do not allow any drones to pass over from the sky. This research considers FAA
restrictions areas[39] such as hospitals, airports, and schools as no-fly areas, as this research
focuses on commercial parcel delivery.
GPS coordinates of the restricted areas are collected using the open street map in a specific
city or county using an overpass-turbo database [34]. The wizard function helps focus on specific
locations, such as hospitals and airports, as shown in Figure 9.

Figure 9

Use of Openstreet Map wizard

This figure represents how to use the wizard function in over pass turbo.
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This research considers Memphis, Tennessee state as a focused area. Therefore, when that
area is searched in overpass turbo and followed by wizards, as shown in Figure 9, it will create a
code as shown in the left column of Figure 10, and the right column points out the locations
mentioned in wizard used in Figure 9 of Memphis city.

Figure 10

Visualization of the location mentioned in Wizard

Results of implementing the wizard function is represented in this figure.
After executing the wizard function for Memphis city, desired locations data is generated
in JSON file format, as shown in the right column of Figure 11. It can also be generated in an excel
sheet if mentioned in the script in the left column.
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Figure 11

Wizard data generation in json format

This figure represents the code that generates after using wizard and its execution result in json
format.
A pseudo code presented below access the overpass turbo server directly from the python script to
extract data related to the requested location in Json format. This code access the server as
described above in Figure 10 and Figure 11.
Pseudo Code for extracting FAA restricted areas:
import requests
import jsonoverpass_url = "http://overpass-api.de/api/interpreter"
overpass_query = “Memphis"
[out:json];
area["ISO3166-1"="DE"][admin_level=2];
(node["amenity"=“Hospital"](area);
way["amenity"=" Hospital "](area);
rel["amenity"=" Hospital"](area);
);
out center;
"""
response = requests.get(overpass_url,
params={'data': overpass_query})
data = response.json()
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Ground Risk Data
There will be a few cases that cannot be controllable and avoidable in a few situations that
can significantly impact the whole delivery system. Therefore, analyzing the risk of travel is one
of the main objectives of this research. Therefore, a few parameters are required to calculate the
risk at each cell, as mentioned below. The ground risk factors are defined in ASTM [40].
The significant variable to calculate the risk due to drones are:
1. Population
2. Distance between aerodromes
3. Elevation Risk
Risk in the cell is calculated using the following equations.
𝑃𝑝 = 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝐷𝑒𝑛𝑠𝑖𝑡𝑦 𝑅𝑖𝑠𝑘

=

𝑝𝑑𝑖
100,000×𝑎𝑐𝑖

+0.01

(2)

0 population, risk = 0
100,000 population, risk =1. (Cell size = 1 sq miles)
Where 𝑃𝑝 is Population Density risk, 𝑝𝑑𝑖 represents the population density at cell i, and 𝑎𝑐𝑖
indicates the area of cell i, which is 0.3 sq miles in this research.
𝑃𝑑 = 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝑎𝑒𝑟𝑜𝑑𝑟𝑜𝑚𝑒 𝑅𝑖𝑠𝑘

=

100 𝑚𝑖𝑙𝑙𝑖𝑜𝑛 𝑚𝑖𝑙𝑒𝑠−(𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝑎𝑙𝑙 𝑎𝑒𝑟𝑜𝑑𝑟𝑜𝑚𝑒𝑠)
100 𝑚𝑖𝑙𝑙𝑖𝑜𝑛 𝑚𝑖𝑙𝑒𝑠

Distance =0, risk = 1.0
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> 0.01

(3)

Distance = 100 million, risk = 0.01
Where 𝑃𝑑 is a distance to aerodrome risk. One hundred million miles is used to ensure the
formula always produces a risk of less than 1.
𝑃𝑎 = 𝐸𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 𝑅𝑖𝑠𝑘

=

𝐴𝐺𝐿
100,000 𝑓𝑡

+ µ𝑜

(4)

Uncontrolled airspace and AGL=0, =0.01
Controlled airspace (Class B, C, D), or AGL in Class E or G aerodromes =0.3
Elevation risk is represented as 𝑃𝑎 , AGL is above ground level. When there is uncontrolled
airspace and AGL is 0, the constant value for elevation risk µ𝑜 is 0.01, but when there is controlled
airspace such as class B, C and D µ𝑜 is 0.3. Elevation risk is formulated along the maximum
altitude above ground level that an aircraft can fly which is around 100,000 feet.

Risk in the cell R= 𝑃𝑝 x 𝑃𝑑 x 𝑃𝑎

(5)

This research has been taken place by considering Tennessee state, Memphis city as the
primary focus. In Memphis, Shelby County is considered a center area for this research.
Developing a computational program with a wide range of radius covering a large part of Memphis
will take a lot of high-power computers and millions of data sets to analyze. That is why a small
set of the area is focused where all deliveries are made within 10 miles radius; this helps reduce
the computation and produces quick optimized solutions.
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Figure 12

MIT source code representation

This figure represents the MIT source code which helps to get the risk related data.
MIT Lincoln research lab has developed a source code, ‘air-risk-class’ [41], which extracts
population data, the distance between the airdrome, and the elevation level of aircraft at specified
areas. MIT used Jupyter notebook and the python platform to access the risk variable such as
population etc., which are mentioned in previous section. Figure 12 represents the source code of
MIT and the required installations to execute the program. Extraction of required data can only be
possible with the help of a few inputs such as state and county. Each state has its census tract
number; in this paper, Tennessee 47 needs to be mentioned in the source code, as shown in Figure
13. Additionally, the county name also needs to be mentioned so that the research area can be
confined to the specific area and reduce excess data extraction and analysis time. It also has the
option to provide the altitude of our interest, and the spacing degree on the spherical axis, dividing
the area into specified spacing degrees and providing the results accordingly.
This program requires a few inputs which are mentioned below
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INPUT:
1. State code (Tennessee: 47)
2. County name (Shelby)

Figure 13

Source code execution requirements

There are few inputs required for the execution of this source code, this figure represents those
input variables.
The following data shown in Table 6 will be extracted in an excel sheet when provided
with all the information needed along with the required software installed. This data contains all
the values required for risk calculations within a specified degree of spacing. Each value in the
given row represents the data at that corresponding coordinate.
Table 6

Extracted Risk data from MIT source code

Index

lat

long

alt

density

dist from
aerodrome

elevation

81

-90.146

34.996

500

0

4.308224

196.06

82

-90.144

34.996

500

0

4.371606

196.06

83

-90.142

34.996

500

0

4.436274

196.06
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airspace
classes
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C

Status
d_ap < 5, in class
[B,C,D]
d_ap < 5, in class
[B,C,D]
d_ap < 5, in class
[B,C,D]

Table 6 (continued)
Index

lat

long

alt

density

dist from
aerodrome

elevation

84

-90.14

34.996

500

0

4.502174

202.71

85

-90.138

34.996

500

0

4.569253

203.18

86

-90.136

34.996

500

731.899

4.637458

234.57

87

-90.134

34.996

500

731.899

4.706742

278.18

88

-90.132

34.996

500

731.899

4.777057

243.41

89

-90.13

34.996

500

731.899

4.848358

253.77

90

-90.128

34.996

500

731.899

4.920603

261.74

91

-90.126

34.996

500

731.899

4.993751

248.52

92

-90.124

34.996

500

617.4428

5.067762

235.02

93

-90.122

34.996

500

617.4428

5.142599

237.82

94

-90.12

34.996

500

617.4428

5.218227

263.58

95

-90.118

34.996

500

617.4428

5.989499

265.04

96

-90.116

34.996

500

617.4428

5.987057

224.11

97

-90.114

34.996

500

617.4428

5.986236

236.19

98

-90.112

34.996

500

617.4428

5.987037

219.34

99

-90.11

34.996

500

617.4428

5.989458

220.27

100

-90.108

34.996

500

617.4428

5.993499

220.28

101

-90.106

34.996

500

617.4428

5.999155

223.31

102

-90.104

34.996

500

617.4428

6.006423

231.34

103

-90.102

34.996

500

617.4428

6.015295

221.54

104

-90.1

34.996

500

617.4428

6.025766

222.25

This table represent the results after executing the source code.
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airspace
classes
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C
Class A,B,or
C

Status
d_ap < 5, in class
[B,C,D]
d_ap < 5, in class
[B,C,D]
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA
alt >= 500ft AGL
over UA

Grid Generation
Using the data collected above, the area is divided into grids which are referred to as cells
in this research. Each cell has its own GPS coordinates, id number, and the risk value, which are
calculated using the formula (5). The area considered during grid generation is two times the
maximum distance between given locations. Each cell has 0.3 sq miles area. The grid generation
format is shown in Figure 14, where each cell has its own identity number in the X and Y direction,
along with its coordinates. A few restricted areas, such as schools, airports, and hospitals, are not
to be considered as flying areas. Therefore, the cells with those restricted locations are mentioned
“1” to identify while generating the drone delivery routing path for each link.

Figure 14

Grid cells and their Risk Variables

After all the data related to risk calculations are collected using the previous steps explained, a
specific selected area is divided into grids and each grid is given its coordinate and risk value.
When more than one risk variable is identified in a single cell, combined population count
is considered, and the minimum distance between aerodrome and the maximum AGL is used to
calculate respective risks. According to the assumptions, there are 7 locations, including
warehouses and customers, which can create 42 combinations of trips which is referred to as links.
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Origin and destination columns are given value “1” for those 7 locations to generate the drone
route of each link.
Cost per mile for Drones
In the survey on Modeling the sustainability of small unmanned aerial vehicles
technologies conducted by the Freight Mobility Research Institute [42], the price of drone
deliveries was calculated by taking into account all relevant elements, including drone expense,
power usage, maintenance, etc. the majority of the assumptions which lead to the conclusion of
cost per hour value which is given in Table 7 are mentioned below.
Assumptions for cost per mile:
•

Delivery per Drones per week: 55.6

•

An average of 1000 deliveries per square-kilometer per year is assumed.

•

Batteries have a life that is related to charging/discharging cycles, with approximately 500
cycles before replacement.

•

Combining the average price of a kilowatt-hour and the energy consumption [25] (see
Survey chapter) of a UAV, it is possible to estimate an electricity cost of approximately
$0.15 per hour.

•

Compensation for aircraft mechanics can be $80 per hour and electronics technicians $90
per hour or more (Perritt and Sprague, 2016).

•

Regulation may play a crucial role; relaxing line of sight operation rules may increase UAV
operator productivity, i.e., being able to control and monitor two or more UAVs
simultaneously.
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•

Based on salaries paid in the trucking industry, a $40 per hour total cost per UAV operator
seems reasonable.

Table 7

Drone Delivery Cost per Mile

Price of an item

Cost (Dollar/Hour)

Battery

4.06

Drone

5.57

Energy

0.15

Staff

5.21

Total

14.98

This table represents the final conclusion of cost per hour value with the assumption mentioned
above.
Calculations:
Assumed drones average distance range is 20 miles and travel time is 30 min.
Final cost per 30 min = 14.98/2 = $7.49 per 30min
The maximum distance 20 miles travelled in 30 min
Final cost per mile = 7.49/20 = $0.3745 per mile
Drone Travel Path Generation
The optimal path between a node and other node for each link is determined by calculating
all expenses and risk from one node on a graph to the subsequent nodes using the optimum path
design methodology. The goal of the optimal route planning algorithm is to identify the overall
best path by considering every alternative. The progressive graph are one of the dynamic graphical
algorithms that can be used in the best approaches. The proposed greedy A* heuristic algorithm
locates the shortest routes between each pair of links. The heuristic path planning algorithms look
at a sequence of refining processes that should eventually settle on a workable but not necessarily
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ideal solution. It specifically investigates a selection of potential solutions and typically discovers
a roughly optimal solution that is on par with the globally optimal solution in terms of solution
quality. The heuristic algorithm also requires a destination before it can begin. The required
Weight Index is taken into account while using the proposed A* Heuristic Algorithm to seek the
path. The algorithm chooses the optimum cell using a weighting method. The grid configuration
is illustrated in Figure 16, and the optimal cell is chosen using the equation (6). Using the
information gathered above, Risk and Cost are also assessed while generating the drone path.

𝑊𝐼 = [𝑅𝑖𝑠𝑘 𝑊𝑒𝑖𝑔ℎ𝑡 ∗

𝑅𝑖𝑠𝑘 𝐶𝑒𝑙𝑙𝑖
𝐶𝑜𝑠𝑡 𝐶𝑒𝑙𝑙𝑖
)] ∗ 100
+ 𝐶𝑜𝑠𝑡 𝑊𝑒𝑖𝑔ℎ𝑡 ∗ (
𝑀𝑎𝑥 𝑟𝑖𝑠𝑘
𝑀𝑎𝑥 𝑐𝑜𝑠𝑡

(6)

According to the assumptions, we have 7 locations including warehouse and customers,
therefore there will be 42 combinations, where drone path for 42 links can be generated. Initially
computed maximum distance between two cells in the grid, since we have grid in the form of
rectangle, the max distance will be the sum of distances of all cells. It is later used in the calculation
of average distance.
Flow chart shown in Figure 15 demonstrates the brief method of how the proposed A*
algorithm is used to generate the drone path for each link, when algorithm is executed, it chooses
randomly a start node and a destination node that could be either warehouse and customer or two
customer locations. Then A* heuristic algorithm use the weight index function (6) mentioned
above to generate the path between the selected nodes. While generating the path it stores all the
path variables such as risk and cost in dollars to reach that cell and calculates the risk and cost of
whole path. After generating a path for a single link (which is between two nodes), it checks for
other links, when there are other links left for generating path, the whole process is repeated, this
40

repeats until all possible combinations are finished and drone routing path of every link are
generated.

Figure 15

Drone path generation Flow chart

This flow chart explains the step-by-step procedure to generate the drone routing path avoiding
the restricted areas.
As a preprocessing steps, parsed the data from the csv which is the output of grid generation
process and created the sets containing origins, destinations etc. Assigned unique ID to each pair
of latitude and longitude. It is used to track all the information related to that location.
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Figure 16

A* Heuristic Algorithm grid representaton

This figure represents the grid distribution, and the way algorithm works to generate the path for
drones.
Each cell has its own id such as {(0,0),(0,1),…(n,m)}. Where n and m are the maximum
number of cells in row and column. This algorithm has two functions which decides next optimal
cell.

𝑓(𝑃) = 𝑔(𝑃) + ℎ(𝑃)

(7)

When the current position of the drone is at cell (x,y), there are 7 neighbor cells {(x+1,y),
(x+1,y+1), (x,y+1),(x-1,y))….} excluding parent cell. Function “g” calculates the weight index to
enter the neighbor cells and “h” calculates the estimated weight index to enter the destination cell.
Estimated weight ℎ(𝑃) is calculated using the same weight index equation (6) by assuming
destination cell is at the very next cell of the neighbor cells. At this point both “g” and “h” are
calculated, the neighbor cell which produces least “f” value is considered as the next optimal cell
for drone to enter, then the current cell becomes the parent cell. Parent cell is not considered as
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neighbor cell, it is stored in an array at every step when drone enter a new cell, this provides the
whole path of delivery at the end of the program.
Risk Calculation
𝑌2 = 𝐺 ∗ (𝑋1 ∪ 𝑋2 ) = 𝐺 ∗ (𝑋1 ) + 𝐺 ∗ (𝑋2 ) − 𝐺 ∗ (𝑋1 )𝐺 ∗ (𝑋2 )
𝑌3 = 𝐺 ∗ (𝑋1 ∪ 𝑋2 ∪ 𝑋3 ) = 𝐺 ∗ (𝑋1 ∪ 𝑋2 ) + 𝐺 ∗ (𝑋3 ) − 𝐺 ∗ (𝑋1 ∪ 𝑋2 ) 𝐺 ∗ (𝑋3 ) = 𝑌2 +
𝐺 ∗ (𝑋3 ) − 𝑌2 𝐺 ∗ (𝑋3 ) = 𝑌2 [1 − 𝐺 ∗ (𝑋3 )] − 𝐺 ∗ (𝑋3 )
……..
𝑌𝑚−1 = 𝐺 ∗ (𝑀1 … 𝑘−1 𝑋𝑖 ) = 𝐺(𝑀1 … 𝑘−2 𝑋𝑖 ) + 𝐺 ∗ (𝑋𝑘−1 ) − 𝐺 ∗ (𝑀1 … 𝑘−2 𝑋𝑖 ) ∩ 𝐺 ∗ (𝑋𝑘−1 )
= 𝐺 ∗ (𝑀1 … 𝑘−2 𝑋𝑖 ) + 𝐺 ∗ (𝑋𝑘−1 ) − 𝐺 ∗ (𝑀1 … 𝑘−1 𝑋𝑖 )𝐺 ∗ (𝑋𝑘−1 )
= 𝑌𝑘−2[1− 𝐺 ∗ (𝑋𝑘−1 )]+ 𝐺 ∗ (𝐶𝑘−1 )
𝑌𝑘 = 𝐺 ∗ (𝑀1 … 𝑘−1 𝑋𝑖 ) + 𝐺 ∗ (𝑋𝑘 ) − 𝐺 ∗ (𝑀1 … 𝑘−2 𝑋𝑖 )𝐺 ∗ (𝑋𝑘 )
𝑌𝑘 = 𝑌𝑘−1 [1 − 𝐺 ∗ (𝑋𝑘 )] + 𝐺 ∗ (𝑋𝑘 )

(8)

Here 𝐺 ∗ is the risk while travelling from cell 𝑋1 to 𝑋2, when drone travels over more than
two cells the equation 𝑌𝑘 can be used to calculate the risk of whole path travelling over cells 𝑋𝑘 .
As discussed above, the proposed algorithm generates the drone travel path between one
node and other node for every link avoiding restricted areas and following the weight equation.
For every link, path, cost and risk is stored in json file format which is used in further computation
to analyze the optimized delivery routing sequence. Extracted json format is shown in Figure 17.
Additionally, along with the extraction of the drone path in json file, an image with travel path that
generated from the algorithm is also developed as shown in Figure 18.
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Figure 17

Representing Json output of Drone delivery path

After the execution of the proposed A*Heuristic, the data related to the path, risk and cost are
exported in json format.

Figure 18

Drone path between each location

This figure represents the drone routes generated between one node to every other customer
node.
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CHAPTER V
RESULTS
This section contains the results obtained after collection of data related to both traditional
truck delivery as well as drone delivery process. Along with results, parameters and formula
considered to demonstrate the output are also mentioned in the following sections.
Optimized Truck delivery routing plan
Data required to generate an optimized truck delivery routing sequence is obtained by using
the method mentioned in the methodology chapter above. Route for each possible link which can
be formed by the 7 locations are found using OSRM, this provides path coordinates and the ETA.
From the data generated, distance, cost and ETA of each link can be calculated using the distance
between two-point formula and multiplying cost per mile variable to the distance, and ETA is
provided by the OSRM application. At the end of this module, we calculate cost, Jam Factor and
Travel Time of the optimized delivery routing sequence. A basic linear search algorithm shown in
CHAPTER VFigure 19 is developed to use these parameters to evaluate the optimal truck delivery
routing sequence. Steps indicated below are followed to get the optimal routing sequence for truck
only option, additionally a flow chart shown in CHAPTER VFigure 19 provides a clear view of
logic implementation.
Truck Delivery implementation:
Step 1: Collects the Distance, Cost and Travel Time data, from Warehouse to Customers.
Variable = list_Warehouse_to_Customer(Distance, Cost, Time)
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Truck_Current_node = Warehosue
Step 2: Node with least delivery cost is picked.
Next_Node = min(Variable.Cost)
Step 3: Truck travels to the selected next node (customer)
Truck_curret_node = Next_node
Delivery Time = Variable.Time + Drop off time
Step 4: Step 1 is repeated for remaining delivery nodes.
Visited_nodes =Truck_ Current_node and Next_node.
Variable = list_Customer_to_Customer(Distance, Cost, Time)
Truck_current_node = Next_node
Step 5: Repead above 4 steps until truck delivers to all customer nodes.
While visited_list < all_customers
Repeat(Step 1 to Step 4)
End
Step 6: Truck travels back to warehouse node.
Next_node = Warehouse
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Figure 19

Optimal Truck delivery routing Flowchart

This flowchart represents the step-by-step procedure for generating the optimal truck delivery
routing plan.
By following the above steps, the optimized routing plan for truck delivery routes is
generated as shown in Figure 20.

Figure 20

Truck delivery Routing sequence

This figure shows the optimal delivery plan taken by truck driver for parcels delivery.
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Red circle in the above Figure 20 represents the warehouse and the blue markings are the
customer delivery location. Green lines represent each travel link starting from warehouse. Red
dotted line indicates the trucks returning to warehouse after completing all deliveries. Below
Figure 21 shows the roadway path between each link in a sequence that is chosen as shown in
Figure 20.

Figure 21

Truck delivery roadway path

This figure represents the truck roadway path where driver taken for delivering parcels in a
sequence shown in previous figure.
Each location is given a specific id, those are the id number which are showing the “Start”
and “Destination” column at Table 8. Every path and the estimated time of arrival which is used
in the project is extracted from openstreet map which are similar to the Google maps data.
Although estimated arrival time is extracted from the openstreet map server, delivery driver takes
certain time for drop off package and get back to truck. Therefore, travel time which is used in this
project is.
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Travel Time = Openstreet map ETA + Package Drop off time (3 minutes is assumed)

(9)

Table 8 demonstrates the routing sequence of truck driver from warehouse (“0”) to the
customer, followed by other customers in first two columns. Jam Factor at a certain location has
been collected using HERE API, it is generated for each coordinate, therefore traffic jam factor
for the whole path can be calculated as shown in (10).
Traffic Jam of path = ∑𝑛𝑖=1 Jam_Factori /n

(10)

Jam_Factori represents the traffic jam factor at a coordinate i of the whole path from start
location to destination location. “n” represents the number of coordinates in the whole path.
Cost in Dollars = Distance Travelled x Dollar per mile ($1.725 per mile)

(11)

Distance travelled is multiplied with the cost per mile to calculate the cost of a travel.
Cost per mile data is extracted from the Table 4, Table 5 and equation (1) is used in this research.
Table 8

Optimized Truck delivery routing plan

Start location

Destination

Traffic Jam
Factor

Cost in
Dollars

Distance in
miles

Time in
minutes

0
6

6
5

0.67
0.65

9.26
1.19

5.37
0.69

12.73
4.98

5

1

0.61

1.28

0.74

5.8

1

2

0.53

1.85

1.07

5.98

2

4

0.61

1.34

0.78

5.87

4
3
0.56
3.07
1.78
7.23
3
0
0.66
10.12
5.87
14.61
This table represents the truck delivery routing plan result, it indicates where truck starts from
and where travels next to deliver parcel.
From the Table 8, it is clear about the travel time, cost of travel from one location to other
in an optimized routing plan. Using the data generated from Table 8, conclusion of the whole
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delivery routing plan is shown in Table 9. It represents the final cost and travel time along with
the other factors such as mean traffic jam of whole routing sequence and the total distance travelled
to deliver all the packages and get back to the warehouse.
Table 9

Result of Truck delivery plan

Total Distance in
Total Travel Time in
Mean Traffic Jam
Total Cost in Dollars miles
minutes
0.619922
28.14303
16.31575
57.23167
The summary of the result generated from the truck delivery routing plan.
The results generated above are based on the conditions where a cube truck sized vehicle
is used to deliver the parcels to the customer in a one-hour window. This application can also be
used in different businesses such as medicine supply, food delivery or any other local delivery
purposes, but they use SUV for the delivery purpose. Cost of delivering food for 6 customers using
ground delivery method can be 24.63% cheaper than the commercial parcel delivery by cube truck
which is $21.5 for whole delivery routing sequence. This value is calculated using the assumptions
made in chapter 4 which describes the cost for using SUV for delivery.
Optimized Drone delivery routing plan
A linear search algorithm is developed to generate the optimal minimal cost routing plan
for drone only delivery system. Flowchart in Figure 19 is used to generate the delivery routing
plan. Table 10 represents the output of this program using the flowchart, it generates the optimal
drone delivery routing plan, the cost of each delivery, distance travelled and travel time along with
the risk of each link is presented in the table.
Drone Routes for each link are produced utilizing the proposed A* Heuristic algorithm
with specified risk and cost weights. This route takes into account the drone's ability to carry six
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parcels, as well as its battery's ability to last long sufficient to deliver all of the parcels and back to
the warehouses. The weightage which are used to generate the drone path between each link is
mentioned below.
•

Risk factor = 70% (Generate paths with 70% less risk)

•

Cost Factory = 30%

•

Take off + Landing Time is 1 minute

Table 10

Drone optimized route sequence

Start location

Destination

Risk

Cost in
dollars

Distance in
miles

Travel Time
in minutes

0

4

2.69907E-09

3.131835721

8.377509741

13.39959794

4

2

4.98756E-10

0.1550115025 0.414657728

1.455318825

2

5

1.37875E-09

0.620068302

1.658652845

3.321312601

5

1

9.28297E-10

0.111143823

0.29730438

1.279289904

1

6

9.38641E-10

1.155010923

0.414646753

1.455303462

6

3

2.14258E-09

0.687271295

1.838417622

3.590959766

3

0

2.47192E-09

3.38558292

9.056271232

14.41774018

This table represents the drone delivery routing plan result, it indicates where drone starts from
and where travels next to deliver parcel.
Table 11

Final conclusion of the drone delivery

Mean Risk

Total Cost in Dollars

Total Distance in
Miles

Total Travel Time in
minutes

1.579772E-09

8.245928008

22.0574603

38.91952378

The summary of the result generated from the drone delivery routing plan.
Table 11 summarizes the results provided in Table 10, this table demonstrates the whole
cost, distance and the time that drone takes to delivery all parcels and return back to warehouse,
along with that mean risk of whole path is also shown in this table.
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Figure 22 and Figure 23 represents the routing sequence of drone and the path it takes
during the delivery process which is generated using the proposed A* algorithm. Green and black
markings in Figure 22 and Figure 23 indicates the warehouse and delivery node locations, blue
and red line in Figure 22 represents the travel sequence of drone to customers and getting back to
warehouse.

Figure 22

Drone delivery routing sequence

This figure shows the optimal delivery plan taken by drone for parcels delivery.

Figure 23

Drone delivery routing plan

This figure represents the drone path taken for delivering parcels in a sequence shown in
previous figure.
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This drone delivery process can be used in few applications where the parcel weight is
minimal and the whole travel distance is within the range of drone’s capacity. Deliveries such as
mail, medicine and food can be made using this application, if their size and weight is less than a
commercial packages.
Congestion based Truck Drone intermodal delivery optimization
The following parameters are calculated until this chapter with the use of data collected for
truck only and drone only delivery system.
Truck Delivery:
•

Optimal Delivery Routing sequence

•

Complete Delivery Cost

•

Travel Time

•

Traffic Jam Factor

Drone Delivery:
•

Optimal Delivery Routing Sequence along weighted equation.

•

Complete Delivery Cost

•

Travel Time

•

Risk of Whole path
Drone delivery may use less amount of energy and emits less carbon dioxide than

conventional truck delivery by which ecological stability is enhanced. Drones used in emergency
situations could potentially save lives. But drone has a limited range of flight and battery capacity,
therefore they cannot handle the whole delivery process. Hence, whatever the solutions generated
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by drone only delivery system above is not applicable for cases where parcel size is large and
whole routing distance is more than drones’ capacity.
To overcome the technology gap and make sure this research help in the current scenario,
this research developed a routing sequence where traditional truck delivery system is used for the
routes which has less traffic congestion, remaining parcels will be delivered using drone with the
weight provided to the system according to the user. 70% to the risk and 30% to the cost are the
weights used in this research to provide the travel path of each link for drones.
There are 2 major objective functions referred to generate an intermodal Truck Drone delivery
routing sequence.
1. Cost
2. Traffic Jam
Traffic jam is chosen to be deciding factor whether drone should be delivering or truck to
the customer. Reason for traffic jam to be a deciding factor are, a reasonable traffic jam can lead
to the high travel time which will delay the delivery process, and drone delivery is cheaper and
faster than truck delivery for a single customer delivery. It is assumed that truck can only carry
one drone, because of the space limitation for the cube truck, and it waits at the customer location
until drone get back to it after the delivery.
A dynamic programing approach is used to generate intermodal delivery routing plan with
the assumptions and parameters mentioned above. In this algorithm, there few dynamic
programming steps has been taken which are mentioned below.,
Stage D:
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List out the Cost, traffic jam and travel time for truck routes from warehouse to every
customer node (which is done in chapter 4), this will help to identify which customer node from
warehouse is costing least for delivery.
Stage D+1:
Among the listed customer nodes link from warehouse, next truck delivers a parcel to the
least cost customer node, this can be referred to as first delivery.
Stage D+2:
After the first delivery from warehouse to customer, next least cost customer is chosen and
the traffic jam for traveling to that customer is verified whether it is in the limits of the user, in this
research we used 0.6 as our maximum limit. When the traffic jam is less than 0.6, truck delivers
to the chosen customer node or else drone will be delivering the parcel (drone routes generation is
done in chapter 4). Logic used for this implementation is shown in flow chart Figure 24.

Figure 24

Truck Drone intermodal logic

This flow chart represents the logic to choose mode of parcel delivery and develop a routing
plan.
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Stage D + 3:
Implementing the logic mentioned in Figure 24 produces a single solution by choosing the
cheapest delivery link from warehouse. However, it might not be the optimal delivery sequence,
therefore, the same logic is applied for several times by changing the first delivery link as shown
in Figure 25. As there are 6 customer location, there exits 6 links from warehouse such as {(0,1),
(0,2), (0,3), (0,4), (0,5), (0,6)}, intermodal logic shown in Figure 24 is implemented to generate
the complete delivery routing plan with the chosen first delivery link.
Stage D+4:
By the end of the program, there will be six different delivery plans generated with six
different customers as the first delivery link. Among the results produced from implementing the
optimization logic, the sequence which has least total cost is chosen as the optimized intermodal
truck drone delivery result. Flow chat shown in Figure 25 demonstrates the clear implementation
of the optimization logic.

Figure 25

Intermodal optimization logic

This is the logic implemented to optimize the intermodal routing plan using both truck and
drone.
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A clear step to step explanation of Intermodal optimization delivery logic by providing
basic pseudo code at each step below.
Implemented steps:
Step 1: List out the Truck travel route distance, cost, traffic jam and travel time from warehouse
to customer nodes.
Variable = Truck_Warehouse_to_customers(Distance, Cost, Time, Traffic Jam)
Truck_current_node = Warehouse
Step 2: Pick the least cost delivery node from warehouse, then truck delivers parcel to the chosen
customer node.
Next_node = min(Variables.Cost)
Truck_current_node = Next_node
Visited_node = (Warehouse and Next_node)
First_delivery_visited_combination = (Warehouse, Next_node)
Step 3: Pick the next least cost delivery node from the current node, and check the traffic jam
factor
Nect_node = min(Variable.Cost) (among non-visited customer nodes.)
Traffic_congestion = Next_node.Traffic_Jam
Step 4: If the travel path to the chosen customer node has traffic congestion <0.6, truck will
deliver, if not, drones deliver the parcel. If drone is chosen for the delivery purpose, truck waits
at drone deport location until drone get back to the truck.
If (traffic_congestion < 0.6)
Truck_current_node = Next_node
Else
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Drone_current_node = Next_node
End
Step 5: Repeat the step 3 and 4 until all customer nodes are visited
While (Visited_nodes < All_customers)
Repeat(Step3 and Step 4)
End
Step 6: After all parcels are delivered, truck get back to warehouse
Truck_current_node = Next_node = Warehouse
Step 7: Steps from 1 to 6 generate a Intermodal Delivery Routing plan, this whole routing plan is
stores in a variable for the further comparison with other routing plans that will be generated using
the next steps.
Routing_plan (i) = Visited_nodes (in visited sequence)
Step 8: Lets assuing, during the first iteration, the first delivery from warehouse is to customer 1
(e.g. (0 to 1)), now repeat steps from 2 to 7, by choosing different customer from warehouse (e.g.
(0 to 2), (0 to 3)…).
While first_delivery_visited_combinations < possible_first_delivery_combinations
Repeat (Step 2 to Step 7)
End
Step 9: Choose the least cost routing plan among the generated plans
Optimal_routing_plan = min(Routing_plan)
Table 12 represents the optimized intermodal truck drone delivery routing sequence after
implementing every step mentioned above. Mode of transport is mentioned in column 3, followed
by Distance, Cost and Travel time for each travel link is provided.
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Table 12
Start
location

Final optimization delivery sequence
Destination Mode

Distance
in miles

Cost in Travel
dollars Time

Traffic
Jam
Factor

Drone
Delivery
Risk

0
2
Truck
6.75
11.65
15.75
0.67
0
2
4
Drone
0.82
0.31
2.91
0
4.99E-7
2
3
Drone
1.4
0.52
3.77
0
9.69E-7
2
1
Truck
1.07
1.85
5.93
0.53
0
1
6
Drone
0.82
0.310
2.91
0
9.39E-7
1
5
Drone
0.59
0.22
2.55
0
9.28E-7
1
0
Truck
5.49
9.47
14.11
0.65
0
After the execution of the logics presented above, result of the travel routing plan appears in this
pattern.
Interlinking between traditional truck and drone delivery is a challenging part of the
research, as traffic jam has been main factor which leading to late delivery and high fuel
consumption, this research considers traffic jam as a major deciding factor for choosing the mode
of transportation, the level of traffic jam which should be considered as a heavy traffic can be
chosen by the users. Table 13 represents the summarization of the delivery sequence generated in
Table 12.
Table 13

Final optimized delivery results

Mean Traffic
Jam

Mean Risk

Cost in
Dollars

Distance in
Miles

Travel Time
(min)

0.623

8.3379E-10

24.3541

16.986

47.95

The summary of the result generated from the intermodal delivery routing plan.
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Figure 26

Visual representation of optimized delivery

This figure represents the intermodal delivery routing plan, small circles represent the warehouse
and customer nodes. Green line is truck delivery and dotted red line is drone delivery.
Table 11Figure 23 shown above demonstrates the visual representation of the congestion
based intermodal truck drone optimized delivery routing plan where green line shoes the truck
delivery to the customer location. Red dotted lines show the drone dispatch to the customer
location for parcel delivery, where green line and red dotted line intersect, that’s the location where
drone is dispatched from trucks and where it waits for the drone to get back after the delivery.
This intermodal delivery method can be used in various applications such as medicine,
mailing and food delivery industries which use cube truck as a delivery vehicle. Cost of complete
delivery sequence can be varied depending on the vehicle. Actually, most of the cases, food
delivery industry use SUV or minivan and delivers 6 customers per hour. Convenience of
carrying/launch of drone from vehicle will need to be considered as well. Cost per mile using
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SUV for delivery is $1.3 which is mentioned in chapter 4, the whole cost of intermodal delivery
sequence could be $18.7 when truck is replaced by SUV.
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CHAPTER VI
CASE STUDIES
This section demonstrates the rate of change in risk and cost with respect to the change of
cost and risk weights for both intermodal truck drone delivery routing plan and the drone-only
delivery routing plan. This study gives a clear view on choosing a better weight for risk and cost
according to the requirement of the users.
Intermodal delivery plan case study
A study has been developed and conducted to examine sensitivities of risk and cost weights
when inclined to use intermodal delivery service. A delivery service concept for the city of
Memphis was created by optimized parcel delivery utilizing the data described above, and cost
estimation was managed to carry out to determine the risks and feasibility of the services. The
outcomes are shown in Table 14. This paper's primary contributions are an early concept analysis
of a parcel delivery service utilizing trucks and drones for a systematic analysis. For a real world
case study in the city of Memphis, the purpose of this research is to evaluate the viability of a last
mile delivering service using a fleet of drones and vehicles. Research studies consequently lead to
a delivery method that is optimized. By receiving information about traffic congestion from
HEREAPI, this system can optimize the path for trucks and drones. The cost of the improved
parcel service was analyzed financially. This method might be a valuable and cutting-edge
transportation solution to lessen emissions, and traffic delays. Figure 27 and Figure 28 depict the
graphical depiction of optimal drone and truck distribution.
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Table 14

Weightage varying optimized delivery

Risk Cost Mean
Traffic Jam
0
1
0.62299817
0.1

0.9

0.62299817

0.2

0.8

0.62299817

0.3

0.7

0.62299817

0.4

0.6

0.62299817

0.5

0.5

0.62299817

0.6

0.4

0.62299817

0.7

0.3

0.62299817

0.8

0.2

0.62299817

0.9

0.1

0.62299817

1

0

0.62299817

Mean Risk

Cost in
Distance in
Dollars
miles
9.38470662188836E- 24.35416117 16.98639163
10
8.33792556429492E- 24.35416117 16.98639163
10
8.33792556429492E- 24.35416117 16.98639163
10
8.33792556429492E- 24.35416117 16.98639163
10
8.33792556429492E- 24.35416117 16.98639163
10
8.33792556429492E- 24.35416117 16.98639163
10
8.33792556429492E- 24.35416117 16.98639163
10
8.33792556429492E- 24.35416117 16.98639163
10
8.33792556429492E- 24.35416117 16.98639163
10
8.33792556429492E- 24.35416117 16.98639163
10
8.33792556429492E- 24.35416117 16.98639163
10

Travel Time(min)
47.9575663018863
47.9575663018863
47.9575663018863
47.9575663018863
47.9575663018863
47.9575663018863
47.9575663018863
47.9575663018863
47.9575663018863
47.9575663018863
47.9575663018863

This table represents the final summarized solution produced by changing the weight of cost and
risk between 0 to 1.
Even though this research used 0.7 (70%) and 0.3 (30%) weight for risk and cost, user has
the freedom of choosing their own weights according to the requirements. The above table presents
the summarized solution such as cost, risk, traffic jam, travel distance and time of the final
optimized delivery for different weighted functions. At risk weight 0% and cost 100% it is noticed
that comprehensive cost of delivery is very less than the other weightages because the risk factor
is minimum, therefore the distance travelled will be less than the other weight function that leads
to the less cost and high risk of entire delivery routes. When weightage is increased the change in
cost and risk is minimal because most of the delivery process is taken place by truck as it is
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travelling long to get to the first delivery location and get back to warehouse from last delivery
location.

Figure 27

Variation of risk along weight

When risk weight is changed from 0 to 1, the final risk value of optimized routing plan is plotted
in this figure.

Figure 28

Variation of cost along weight

When cost weight is changed from 0 to 1, the final cost value of optimized routing plan is plotted
in this figure.
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Drone delivery case studies
According to the current technology drones can only carry limited payload, travels limited
miles which is around 20 miles, therefore, most of the drone delivery technology can be used for
last mile delivery where drones get to fly for couple of miles to deliver a parcel. This case study
has been analyzed to check rate of change by varying weight of risk and cost, this shows how much
a drone delivery can affect the whole delivery process if drones have long range capability, see
Table 15. When risk and cost factor vary between 0.1 to 1, good amount of change can be noticed
in total risk and cost of whole delivery as shown in Table 15Figure 29 and Table 15Figure 30.
Table 15
Risk

Cost

0

1

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

1

0

Weight varying optimized drone delivery
Mean Risk

2.02638973123041E09
1.57995934129669E09
1.57981219010673E09
1.5797730988943E09
1.5797730988943E09
1.5797730988943E09
1.57971675056114E09
1.57971675056114E09
1.57971675056114E09
1.57969464823957E09
1.5796706900207E09

Total Cost in
Dollars

Total Distance in
miles

Total Travel Time
in minutes

4.39270847822724

11.750283656663

22.6254254849945

8.15821236120087

21.8228251346003

38.5675710352337

8.15821808352324

21.8228404497008

38.5675940078845

8.15822218438654

21.8228514156815

38.5676104568555

8.15822218438654

21.8228514156815

38.5676104568555

8.15822218438654

21.8228514156815

38.5676104568555

8.24592800808344

22.0574602866502

38.9195237633087

8.24592800808344

22.0574602866502

38.9195237633087

8.24592800808344

22.0574602866502

38.9195237633087

8.24592800808344

22.057414340011

38.9194548433498

8.33972823991572

22.30837141889

39.2958904616683

This table represents the final summarized solution produced by changing the weight of cost and
risk between 0 to 1.
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Figure 29

Drone-only delivery rate of change of risk

When risk weight is changed from 0.1 to 1, the final risk value of drone-only routing plan is
plotted in this figure.

Figure 30

Drone-only delivery rate of change of cost

When cost weight is changed from 0 .1to 1, the final cost value of drone-only routing plan is
plotted in this figure.
Eventhough there is significant change in cost and risk for drone only delivery system with
change of the weight, there is very less change noticed in whole optimized delivery system where
truck drones are interlinked in a delivery sequence because of the high miles travelled in the
delivery sequence is by truck. However, significant variation in the graphs of intermodal truck
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drone delivery system can be notice when the large number of delivery customers are considered
where multiple drone and truck delivery sequence is noticed.
Summary
Data required to generate the truck only delivery system is extracted from the OSRM and
HERE API applications. A linear search algorithm is used to create an optimal delivery sequence
to compare with the drone delivery system. Even though the cost per mile for truck delivery is
higher than the drone delivery, it can be concluded that truck delivery option might be better in
few cases where travel distance between customers is minimum such as same communities. The
main reason for this to be better than drone delivery is, it can carry more parcels at once whereas
drone can carry only one parcel per trip. However, cases where distance between customers are
higher and within the range of drone limitations, drone delivery method helps in reduce cost and
delivery time. Considering the pros and cons of both truck and drone delivery, congestion based
intermodal truck drone delivery system can overcome the technological gaps of truck and drone
delivery to provide a better solution according to the current technological scenarios. Dynamic
programming approach has been taken to generate the intermodal truck drone delivery routing plan
with the help of the truck and drone routing data generated in chapter 4. This research provides a
foundation for scope of future research in different ways, increasing the number of drones per
truck can give a better understanding of more optimized delivery system, more adaptable
interaction between truck and drone could save time of waiting for drone at a specific location.
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CHAPTER VII
CONCLUSION
Complete truck delivery is expensive and time-consuming in the modern world. Drones’
deliveries are limited by wight and distance. Overcoming shortcomings of both models of
deliveries, delivery system that employs both trucks and drones in an effort to lower costs and
boost efficiency. The following process is considered to produce an effective delivery system that
uses both trucks and drones. The total cost of all deliveries in the current situation, where truck
only delivery is taking place, is $28.14, and it takes 57 minutes to deliver every parcel. Drone only
delivery sequence requires $8.25 and 38 minutes to complete all parcels delivery. All parcels were
delivered for a cost of $24.35 and 47 minutes after the optimal routing which is 14% cheaper and
18% faster than a traditional truck delivery. applications such as food, medicine and mailing
delivery using could be 24.3% cheaper than the truck only delivery system as these industries use
SUV or minivan for the delivery purpose. However, in this kind of situation drone only delivery
system can reduce the cost and delivery time significantly as it can have capacity to carry 6 mailing,
medicine, and food parcels.
The research advances the computational efficiencies. Data a acquisition efficiency was
boosted via multiprocessing and file splitting which is shown in chapter 4 for truck and drone
delivery routing plan. Sequential data processing algorithm was found to be 6 times slower than
the multiprocessing algorithm. The computational efficiency was further enhanced by file
separation. The efficiency of multiprocessing with file splitting was found to be 33% more efficient
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than that of the basic multiprocessing technique. Additionally, the code's effectiveness can be
increased. The proposed A* Heuristic algorithm designed for drone’s route generation between
two nodes, is used as the path planning algorithm to produce the best results for transporting each
load along a set of paths that are generated systematically. The speed of the drone is considered
when calculating its travel time along the course, using ground conditions risk of the drone travel
is calculated. When a large set of data is taken for the implementation, a significant difference in
cost and delivery time can be noticed compared to the traditional truck delivery system.
Dynamic programming approach I followed to generate the optimized congestion-based
truck drone intermodal delivery routing plan. Cost of delivery to a specific customer node is the
deciding factor to choose the next customer for delivery, where traffic congestion of decides which
mode of delivery system among truck and drone to use for parcel delivery. The first delivery
customers node is changed multiple times in the optimization algorithm to generate a better routing
plan at the end of the program.
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